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Abstract Heterogeneous network embedding based recommendation technology has the capability to
capture the structural information in the network effectively, thus improving the recommendation
performance. However, the existing recommendation technology based on heterogeneous network
embedding not only ignores the attribute information of nodes and various types of edge relations
between nodes, but also ignores the diverse influences of different nodes’ attribute information on
recommendation results. To address the above issues, a product recommendation framework based on
attributed heterogeneous information network embedding with self-attention mechanism (AHNER) is
proposed. The framework utilizes attributed heterogeneous information network embedding to learn
the unified low-dimensional embedding representations of users and products. When learning node
embedding representation, considering that different attribute information has different effects on
recommendation results and different edge relations between nodes reflect users’ different preferences
for products, self-attention mechanism is exploited to mine the latent information of node attribute
information and different edge types and learn attribute embedding representation is learned.
Meanwhile, in order to overcome the limitation of traditional dot product method as matching
function, the framework also exploits deep neural network to learn more effective matching function
to solve the recommendation problem. We conduct extensive experiments on three public datasets to
evaluate the performance of AHNER. The experimental results reveal that AHNER is feasible and

effective.
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Fig. 1 An example of attributed heterogeneous information network composed of users and products
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Fig. 5 The architecture of matching function learning
model based on DNN
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Table 2 Statistics of Datasets
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Table 3 Results of Top-K Recommendation Experiments with Different Methods on Three Datasets
R3 IITHEELFRREHEN TopK EFESIHER

Retailrocket Amazon Product YouTube
HR NDCG HR NDCG HR NDCG
Deepwalk 0.2926 0.2004 0.497 3 0.3359 0.4381 0.2502
node2vec 0.2937 0.1992 0.498 2 0.3345 0.4361 0.2510
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T RAABUE R R (.
S A R R W AHNER 76 AR K2 B b W] At M 4 KB

T HAb T vk AR 58 B B U AT 55 1 45 AR DT i
SR LSRR AR Sy T T bR KR, HARSC IR 45 R Ik 4 B,

D FEEMEHRATIARIERE S EHRE
HEriErkne M % 3 53R 4 P a Rl LUk B,



1518

HHEIR S AR 2022, 59(7)

FIAJE AR B2 0 35 B 0 2% i A D 0k I P RE L K
T2 S PR AR B A7 2R GUR 3 i B AR A 47
At 5 AL ROGHEM P 55 H 177 B A . AHNER
i A 45 TR B RE A AR A A B G R L
T 5 TH A P BB N3 4 rp ml LWL %€ 31 £ 5 g% 7900
] 1 AHINER B fE 2 00 T H A X 7 2 89
PR AHNER (#9385 FH 2 55 8 3 1
Table 4 AUC of Link Prediction Experiments with

Different Methods on Three Datasets
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Deepwalk 59.53 94.36 70.89
node2vec 63.36 94.51 70.96
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Table 5 AUC of Cold Start on Retailrocket Dataset
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IR Ll %

5 ¥

90 70 50 20
Deepwalk 59.53 59.11 58.11 56.91
metapath2vec 61.18 60.65 58.97 57.07
AHNER-NS 68.82 68.56 68.24 67.61
AHNER 71.08 70.70 70.35 69.88
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Fig. 6 The attribute weight coefficient of different products
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Fig. 7 Parameter performance changes of AHNER on

Retailrocket dataset
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